Proximity-ligation methods as Hi-C allow us to map physical DNA-DNA interactions along the 12 genome, and reveal its organization in topologically associating domains (TADs). As Hi-C data 13 accumulate, computational methods were developed for identifying domain borders in multiple cell 14 types and organisms.
Introduction 25
One of the key mechanisms of gene regulation in eukaryotes involves enhancer-promoter 26 interactions, where distal regulatory regions along the DNA (enhancers) come in close physical Formally, let P d (N) denote the probability of observing N Hi-C interactions between two DNA loci d 105 bases apart. This equals to the sum of the intra-domain and inter-domain sub-models:
106
(1) where P d (N | TAD) and P d (N | BG) correspond to the likelihood of observing N interactions d bp 107 apart in the intra-and inter-TAD sub-models, respectively. P d (TAD) and P d (BG) correspond to the 108 a priori probability of observing two loci d bp apart to be within or outside of the same TAD. For 109 simplicity and robustness, we model N using a log-Normal distribution:
110
(2) where the log-Normal distribution with mean μ and standard deviation ! can be written as:
111
(3)
This greatly reduces the number of free parameters, resulting in a compact model θ d with only six For every distance d, we directly estimate the model parameters from annotated Hi-C data. To These could be obtained using various methods, including the directionality index (DI) HMM-based and inter-TAD pairs and use a maximum likelihood estimation of the mean and the standard 121 deviation parameters. The same approach is used to estimate the prior probabilities, namely which 122 percent of the DNA-DNA interactions of distance d occur within, or across, topological domains.
124

Identification of TAD Boundaries using Log Posterior Ratios 125
Using the above probabilistic model, we now wish to re-segment the genome into TADs. For this,
126
we propose a score that will integrate information from various distances of DNA-DNA interactions 127 across the entire Hi-C matrix, without being skewed by the significantly higher number of 128 interactions among nearby DNA-DNA pairs. 
141
We then define a global score for a segmentation C of the genome into a set of TADs, by summing 142 over their scores:
Finally, we find the optimal segmentation of each chromosome into topological domains, with 144 respect to our model. For this, we use a Dynamic Programming algorithm that recursively 145 computes the optimal score of each genomic interval C(i,j) by comparing its score as a one single 
169
TAD-Specific Background Model of Hi-C Data using a Bi-Linear Power-Law Model 170
Once we have segmented the Hi-C map into hierarchical domains, we wish to model the expected with a being the power-law coefficient (slope, in log-log plot) and b is the intersection parameter.
We therefore wish to use the hierarchical model of topological domains and construct a local and each inter-TAD merged region ( Fig 1D) . This will allow us to estimate the expected number of 
293
To segment the genome into TADs, our algorithm uses a probabilistic two-component model that
294
independently computes for every cell in the Hi-C matrix the likelihood ratio between intra-TAD and 295 inter-TAD models. This score assigns similar importance to near and far DNA-DNA interactions, 296 and therefore is less affected by the exponentially higher number of short-range interactions that 297 dominate the Hi-C data, but are mostly invariant of the overall arrangement of the genome in 298 topological domains. In addition, this score is additive and can be easily computed from smaller 299 nested TADs, allowing for a fast and scalable Dynamic Programming algorithm that identifies the 300 optimal segmentation for each chromosome.
301
For agglomerating individual TADs into hierarchical structures and for the computation of TAD-302 specific background models, we compute the "interaction spectrum" of each TAD. Specifically, we 303 calculate the average number of Hi-C interactions for DNA-DNA interactions at any distance. While 
329
These results suggest that the 3D structure of the genome may be organized to support regulatory 330 DNA-DNA interactions, rather than merely reflect the set of accessible or active regions of the 331 genome. As more Hi-C is collected and analyzed, we hope to shed light on the causality of gene 332 regulation and genome packaging, as well as the plasticity of genome packaging in general.
333
Put together, we demonstrated how Hi-C data -typically used to identify TAD boundaries -could 334 be also used to reconstruct a local TAD-specific background model that identifies enriched DNA-
335
DNA interactions, and in particular interactions between enhancers and their target genes.
337
Methods
338
Piece-wise Linear Regression of log (Intensity) and log (Distance)
339
We model the Hi-C interaction intensity between two loci as a segmented power-law function of 340 their distance. In log-log scale this is modeled by a two-piece segmented linear regression model. while minimizing the squared deviation of the data (in log-log scale). Similarly, a piece-wise linear area, and the null inter-TAD model (represented by α in Eq. 10). We then iteratively merge the two 350 neighboring TADs whose merge area is the most similar, up to a maximal domain size of 5Mb. 
358
To assign a statistical significance score (p-value) for each putative enhancer (namely, an over-
359
represented interaction between a promoter region and some other locus), we assumed a Normal 360 distribution of the local residual map (i.e. Hi-C minus PSYCHIC background mode) at a 2Mb 361 surrounding the promoter of each gene. We then fitted maximum likelihood estimator for the mean 362 value μ i , and its standard deviation ! i , and used these statistics to translate the deviation of each 363 Hi-C cell from its background model, into z-scores. Finally, we assigned a p-value for each z-score 364 using a standard Normal cumulative distribution function, and applied a FDR correction for multiple 365 hypothesis (Benjamini and Hochberg 1995).
367
Genomic analysis of Putative Enhancers
368
We used deepTools (Ramírez et al. 2014) to align putative enhancers and generate heatmaps for
